Keywords: Diffusion Microstructure Phantom validation AxCaliber q-space Human connectome project A B S T R A C T Diffusion microstructural imaging techniques have attracted great interest in the last decade due to their ability to quantify axon diameter and volume fraction in healthy and diseased human white matter. The estimates of compartment size and volume fraction continue to be debated, in part due to the lack of a gold standard for validation and quality control. In this work, we validate diffusion MRI estimates of compartment size and volume fraction using a novel textile axon ("taxon") phantom constructed from hollow polypropylene yarns with distinct intra-and extra-taxonal compartments to mimic white matter in the brain. We acquired a comprehensive set of diffusion MRI measurements in the phantom using multiple gradient directions, diffusion times and gradient strengths on a human MRI scanner equipped with maximum gradient strength (G max ) of 300 mT/m. We obtained estimates of compartment size and restricted volume fraction through a straightforward extension of the AxCaliber/ActiveAx frameworks that enables estimation of mean compartment size in fiber bundles of arbitrary orientation. The voxel-wise taxon diameter estimates of 12.2 AE 0.9 μm were close to the manufactured inner diameter of 11.8 AE 1.2 μm with G max ¼ 300 mT/m. The estimated restricted volume fraction demonstrated an expected decrease along the length of the fiber bundles in accordance with the known construction of the phantom. When G max was restricted to 80 mT/m, the taxon diameter was overestimated, and the estimates for taxon diameter and packing density showed greater uncertainty compared to data with G max ¼ 300 mT/m. In conclusion, the compartment size and volume fraction estimates resulting from diffusion measurements on a human scanner were validated against ground truth in a phantom mimicking human white matter, providing confidence that this method can yield accurate estimates of parameters in simplified but realistic microstructural environments. Our work also demonstrates the importance of a biologically analogous phantom that can be applied to validate a variety of diffusion microstructural imaging methods in human scanners and be used for standardization of diffusion MRI protocols for neuroimaging research.
Introduction
Diffusion microstructural imaging techniques have attracted great interest in the last decade due to their ability to quantify axon diameter and volume fraction in healthy and diseased human white matter. The estimation of compartment size and packing density by diffusion MRI continues to be debated, in part due to the lack of a gold standard for validation and quality control. The validation of tissue parameter estimates obtained from diffusion MRI is especially timely as model-based diffusion MRI techniques are increasingly adopted for large-scale population studies (Miller et al., 2016) and clinical trials (Mallik et al., 2014; Winston et al., 2014) . Comparison of the derived estimates against reference measurements is essential to refining tissue compartment models of the underlying fiber architecture and standardizing diffusion MRI acquisitions for multi-center trials.
Several approaches have been taken to validate the metrics obtained from a variety of diffusion MRI methods ranging from fiber tractography to compartment size mapping, including the use of software phantoms (Balls and Frank, 2009; Close et al., 2009; Hall and Alexander, 2009; Leemans et al., 2005; Tournier et al., 2002) , ex vivo samples (Dyrby et al., 2011; Kim et al., 2005; Miller et al., 2012) , and physical phantoms (Farrher et al., 2012; Fieremans et al., 2008b; Fillard et al., 2011; Hubbard et al., 2015; Perrin et al., 2005) . Software phantoms offer the greatest degree of control regarding the composition of substrates but are limited by assumptions in the process of data synthesis and may lack the realism of physical tissues. Ex vivo samples come from real tissue, provide the realism of tissue complexity and enable long scan times that are not feasible for in vivo experiments, and thus are widely used in validation of biophysical models (Assaf et al., 2008b; Dyrby et al., 2013; Xu et al., 2014 Xu et al., , 2016 . But the process of fixation alters the physical properties of tissue, to the point that the sample composition may not accurately reflect in vivo properties. Ex vivo tissues are known to undergo alterations that are reflected in diffusion MRI experiments, such as lower diffusivity (McNab et al., 2009; Sun et al., 2005) , lower fractional anisotropy (Shepherd et al., 2009a) , compartment size changes (Shepherd et al., 2009b) , and tissue deformation and shrinkage (Wehrl et al., 2015) . Physical phantoms that mimic biological tissues, usually with a simplified representation, can address some of the above limitations. It is clear that physical phantoms cannot replace ex vivo samples in revealing the actual composition of real tissue. Nevertheless, physical phantoms can serve as a bridge between software phantoms (simulations) and biological tissues and thus remain invaluable for the development and validation of in vivo quantitative diffusion MRI methods, especially if they can be constructed to mimic biological structures and externally validated with invasive methods such as electron microscopy without the undesirable tissue changes often occurring in ex vivo samples over time.
A number of physical phantoms have been previously described for validating and standardizing diffusion MRI measurements (Bach et al., 2014; Fieremans et al., 2008b; Fillard et al., 2011; Gatidis et al., 2014; Poupon et al., 2008; Pullens et al., 2010; Reischauer et al., 2009 ). Most of these phantoms are constructed with water between solid filaments and are thus only able to mimic the extra-axonal space. While these phantoms do demonstrate diffusion anisotropy and are useful in validating diffusion tractography methods, they fall short in assessing compartment-specific diffusion models that attempt to obtain information regarding compartment size and relative fractions of intra-and extra-axonal water. More recently, several methods have been proposed to achieve compartment-specific water pools by constructing pores in various types of media. For example, a glass capillary array wafer technique was used to construct regularly spaced pore structures with uniform inner diameters between 5 and 82 μm (Komlosh et al., 2011 (Komlosh et al., , 2017 Yanasak and Allison, 2006) . The glass capillary array phantoms were used to validate diffusion MRI methods of pore size estimation using single and double pulsed field gradient experiments (Komlosh et al., 2017) . Other approaches include creating a "honeycomb" structure inside polymer based materials (Hubbard et al., 2015) and the creation of channels inside silicon-based organic polymers (Ebrahimi et al., 2010) . These phantoms show varying degrees of diffusion anisotropy in diffusion tensor imaging experiments, depending on the pore sizes and densities. Porous phantoms are promising in validating estimates of compartment size but lack the extracellular compartment to be truly reflective of extra-axonal hindered diffusion. Recently, a biomimetic phantom constructed of hollow polypropylene filaments filled with water was proposed (Guise et al., 2014 (Guise et al., , 2016 . The hollow fibers separate the water pool inside the filaments from that outside the filaments and more closely mimic the intra-axonal and extra-axonal compartments expected in white matter. To our knowledge, the hollow polypropylene yarn phantom provides the closest representation of white matter microstructure among existing phantoms.
Typically, diffusion within white matter in the brain is modeled as a combination of intra-axonal restricted diffusion, extra-axonal hindered diffusion and isotropic free diffusion arising from cerebrospinal fluid (Alexander et al., 2010; Assaf and Basser, 2005; Assaf et al., 2004 Assaf et al., , 2008a Barazany et al., 2009) . These approaches include the composite hindered and restricted model of diffusion (CHARMED), which estimates the fraction of restricted and hindered water based on a priori assumptions regarding the underlying distribution of axon diameters in white matter (Assaf and Basser, 2005; Assaf et al., 2004) . The AxCaliber approach (Assaf et al., 2008a) expands upon the CHARMED model (Assaf and Basser, 2005; Assaf et al., 2004) to fit a gamma distribution of axon diameters based on the known orientation of white matter within certain tracts, such as the spinal cord and corpus callosum (Assaf et al., 2008a; Barazany et al., 2009 ). The ActiveAx technique generalizes the original AxCaliber experimental paradigm to obtain a single axon diameter index in fiber bundles of arbitrary orientation using an optimized protocol with only a few shells of varying diffusion-weighting parameters and gradient directions (Alexander et al., 2010) . The higher gradient strengths now available on human MRI scanners (Setsompop et al., 2013) have improved the sensitivity of axon diameter mapping methods to smaller diameter axons for in vivo imaging in both healthy subjects (Duval et al., 2015; Dyrby et al., 2013; Huang et al., 2015b; McNab et al., 2013) and disease populations such as patients with multiple sclerosis (Huang et al., 2016) . Validation of axon diameter and volume fraction estimates provided by AxCaliber and related techniques on human scanners is a necessary step toward translation of methods targeted at in vivo estimation of axon diameter and density.
In this work, we validate estimates of compartment size and volume fraction using a biomimetic brain phantom constructed from hollow polypropylene yarns with biologically meaningful diameters arrayed in fiber bundles of varying direction and packing density. We acquire a comprehensive set of diffusion MRI measurements in the phantom using multiple gradient directions, diffusion times and gradient strengths on a human MRI scanner equipped with gradient strengths up to 300 mT/m. The compartment size and density are estimated through a straightforward extension of the AxCaliber framework that enables estimation of mean compartment size in fiber bundles of arbitrary orientation, similar in spirit to ActiveAx (Alexander et al., 2010) . The estimates of compartment size and packing density are compared against ground truth based on the known construction of the hollow fiber phantom. We have also acquired a comparable dataset with gradient strengths up to 80 mT/m (equivalent to Siemens Prisma capabilities) to explore the impact of gradient strength on the performance of the proposed approach using the same phantom for validation.
Methods

Phantom composition
The current phantom prototype was designed with several modules (i.e., layers) for multiple purposes, including T 1 , T 2 and diffusion calibrations, and the overall dimensions measure about 20 Â 20 Â 30 cm (Fig. 1A , where only the diffusion layer is illustrated). In the diffusion module, the fiber substrates were constructed from hollow multifilament polypropylene yarns produced by a melt-spinning extrusion technique to generate textile axons ("taxons") with inner diameter (ID) of 11.8 AE 1.2 μm and outer diameter (OD) of 33.5 AE 2.3 μm (Fig. 1E) (Guise et al., 2016 ) (Psychology Software Tools, Inc., Sharpsburg, Pennsylvania). The taxons were arranged in parallel and crossing geometries within 3D-printed placeholders mounted in the phantom (Fig. 1A) . Parallel fiber bundles were placed within 6 rectangular chambers, which had different dimensions. Each chamber had 4 "steps" of different depths (Fig. 1C ) to achieve different fiber packing densities along the length of the fiber bundle (Fig. 1D) . The sizes of the 6 chambers (in narrowest dimension) were: 10 mm Â 10 mm ¼ 100 mm , which were filled with 112640 (100%), 90112 (80%), 67584 (60%), 45056 (40%), 22528 (20%) and 11264 (10%) taxon fibers, respectively, to achieve an identical range of packing densities in each chamber. While there is no theoretical limit in the manufactured size of the chambers, the practical upper limit was about 10 mm due to a labor-intensive filling and verification process. Fiber crossings of 90 , 45 and 30 were created by interleaving the polypropylene filaments in separate 3D printed placeholders ( Fig. 1F , G).
The phantom was filled with distilled water by pressure filling. Specifically, the filling was done through a multistage industrial process by the supplying firm Psychology Software Tools, Inc. The fibers were put in silicone, and degassed filtered water was applied under high pressure on one end. The other end was immersed in oil. The pressure filling produced microscopic bubbles that came out of the fibers on the other end. Filling was verified by observing water exiting the taxons via light microscope. Verified fill rates were in the 85-90% range. To maximize stability of the phantom, it was stored on a shelf at room temperature in a vertical standing position.
MRI experiments
All scans were performed on the dedicated high-gradient 3T CON-NECTOM MRI system with maximum gradient strength of 300 mT/m using a Siemens product 20-channel head-neck coil. The phantom was placed in the magnet such that the axes of taxon fibers were oriented perpendicular to the static magnetic field (see Fig. 1 and x-y-z coordinate labels). During the experiment, the temperature of the scanning room was kept constant at 25 C. Airflow inside the magnet bore was used throughout the scan. The imaging protocol was similar to our previous in vivo human study (Huang et al., 2015a) , but more comprehensive to take advantage of the relaxed time constraints in phantom scanning. For the G max ¼ 300 mT/m dataset, a series of 2 mm isotropic resolution axial diffusion-weighted spin-echo echo planar images (EPI) were acquired in the phantom using the following parameters: TR/TE ¼ 4100/110 ms, gradient strength G max ¼ 300 mT/m, and diffusion gradient pulse duration δ ¼ 8 ms. Given an expected taxon inner diameter of 12 μm, diffusion times of Δ ¼ 20, 30, 40, and 50 ms were sampled, which correspond to mean diffusion displacements of 9-15 μm, respectively, assuming a (Table 1) . Data were acquired in both anterior to posterior and posterior to anterior phase encoding directions to correct for image distortions due to susceptibility artifacts. The total acquisition time was about 38 h. Other imaging parameters included a field-of-view of 256 Â 256 mm, partial Fourier of 6/8, and receive bandwidth of 1148 Hz/pixel. A regular non-accelerated EPI sequence was used to avoid parallel imaging artifact. In addition, T 1 and T 2 relaxation times were mapped in the phantom using an inversion recovery spin echo sequence (TR ¼ 9570 ms, TI ¼ 25, 50, 100, 200, 500, 1000, and 2000 ms) and a turbo spin echo sequence (TR ¼ 8 s, TE ¼ 13.2, 26.4, 39.6, 52.8, 66, 79.2, 92.4, 105.6, 118.8, 132, 145 .2, and 158.4 ms), respectively. We also acquired a GRE image for structural delineation (Fig. 1F ), using TR/TE ¼ 4.5/1.94 ms, flip angle ¼ 5
, and an isotropic voxel size of 1 mm.
Simulations
Synthetic MRI data was generated using the Monte Carlo diffusion simulator of Camino (Cook et al., 2006; Hall and Alexander, 2009 ) for diffusion within impermeable, hexagonal-packed cylinders with uniform diameter ranging from 2 to 12 μm and a range of intra-axonal volume fractions between 0.1 and 0.7. Smaller inner diameters were also generated in addition to 12 μm (i.e., the expected taxon inner diameter) to confirm that the imaging protocol could provide sufficient diffusion resolution for the proposed approach to differentiate 12 μm from smaller diameters with reasonable accuracy and precision.
Simulations were performed using the same diffusion MRI protocol (G max ¼ 300 mT/m only) that was used for the experiments (see Table  1 ). 100,000 walkers and 5000 time steps were used for the simulation. Data with infinite signal-to-noise ratio (SNR) and SNR of 30 were generated based on the estimated temporal SNR of the parallel fiber bundles, which ranged from 30 to 60. For infinite SNR, synthetic data was generated for a single voxel; for SNR of 30, synthetic data was generated for 200 voxels.
Data preprocessing and analysis
The experimental data was preprocessed to correct for distortions due to gradient nonlinearity, susceptibility effects, B 0 drift, and eddy currents Fan et al., 2016; Jenkinson et al., 2012) . Due to the length of the phantom scan (about a day), the static magnetic field (B 0 ) drifts due to hardware heating during the scan resulted in small image displacements along the phase encoding direction, which mimicked head motion (Haacke et al., 1999) . To address this issue, the first b ¼ 0 image of all individual shells (i.e., for each q-value) were concatenated and used for a joint field map estimate using TOPUP (Andersson et al., 2003; Smith et al., 2004) , where image displacements due to B 0 drift were modeled in the same way as head motion. Eddy current correction was performed using the EDDY tool in FSL.
The data analysis steps are illustrated in Fig. 2 . Specifically, generalized q-sampling imaging (Yeh et al., 2010) was used to identify the principal fiber direction in each voxel by searching for the global maximum on the orientation distribution function of diffusing spins, termed the spin distribution function, which was fitted for using the shortest diffusion time dataset (Δ ¼ 20 ms). The b-values ranged from 50 to 6700 s/mm 2 for this diffusion time, which were closest in range to the b-values (max. b ¼ 5000 s/mm 2 ) used in (Yeh et al., 2010) . The average signal perpendicular to the principal fiber direction was then obtained following the procedure described in (Tuch, 2004) . The signal was resampled for each diffusion direction and was averaged along the equator about the principal fiber direction to obtain the mean perpendicular signal using a Gaussian weighting function dependent on the distance of each resampling vertex from the equator. Similarly, the average signal parallel was obtained by resampling the signal along the principal fiber direction for each shell. The longitudinal diffusivity (D r ) was then calculated by fitting a mono-exponential decay to the parallel signal averaged in a region of interest consisting of 105 voxels inside the parallel fiber bundles, using all shells with a b-value smaller than 1500 s/mm 2 in the G max ¼ 300 mT/m dataset (i.e., b ¼ 50, 100, 150, 300, 500, 700, 800, 850, and 1250 s/mm 2 ).
Signal model and model fitting
We sought to obtain estimates of average compartment size and restricted volume fraction from the corrected multi-diffusion time and gradient strength diffusion MRI data by adopting a straightforward analysis method modeled after the AxCaliber and ActiveAx approaches (Alexander et al., 2010; Assaf et al., 2008a) . A three-compartment model of intra-taxonal restricted, extra-taxonal hindered, and free diffusion was fitted to the average signal perpendicular to the fibers to obtain estimates of taxon diameter, restricted and free water volume fractions, and hindered diffusivity (Huang et al., 2015b) , similar to the approach taken in AxCaliber (Assaf et al., 2008a) but only fitting for a single diameter as in ActiveAx (Alexander et al., 2010) . See Appendix A for a detailed description of the model.
Model fitting was performed on a voxel-wise basis using Markov chain Monte Carlo (MCMC) sampling, similar to the approach taken by Alexander et al. (Alexander et al., 2010) . MCMC simulations provided samples of the posterior distributions of the model parameters (inner diameter a, restricted volume fraction f r , free water fraction f fw , and hindered diffusivity D h ) given the data. Broad uniform priors with the ranges given in parentheses were used for taxon diameter a (0.1-20 μm), restricted volume fraction f r (0-1), and free water volume fraction f fw (0-1). The restricted diffusion coefficient D r was set to be the calculated longitudinal diffusivity D r ¼ 2.2 μm 2 /ms, and the diffusion coefficient of free water D fw was assumed to be that at room temperature 25 C (2.3 μm 2 /ms). A Rician noise model was adopted for parameter estimation as in (Alexander, 2008; Alexander et al., 2010) . A total number of 200,000 MCMC samples were calculated for each voxel, which were saved at intervals of 100 iterations after an initial burn-in period of 20,000 iterations (i.e., 1,800 samples were saved). The mean and standard deviation of the estimates for axon diameter a, restricted volume fraction f r , and free water volume fraction f fw were then calculated for each voxel by taking the mean and standard deviation over the MCMC samples.
T 1 and T 2 estimation
T 1 and T 2 relaxation times were calculated by fitting a monoexponential decay function to the data in MATLAB using LevenbergMarquardt nonlinear least squares minimization. The first echo from the spin-echo train was excluded for the T 2 calculation, which is a common practice for multiple spin echo acquisitions (Mosher et al., 2010; Smith et al., 2001; Sumpf et al., 2011) .
Results
Signal-to-noise ratio and T 1 and T 2 relaxation times in the phantom
The T 1 relaxation time within the parallel fibers was measured to be approximately 1.5-2 s (Fig. 3A) , which is longer than that of white matter in the brain at 3T (about 1 s) (Stanisz et al., 2005) and shorter than that of free water (about 3 s) (Lin et al., 2001; Lu et al., 2005) . The T 2 relaxation time was estimated to be about 300 ms in the region of the taxons (Fig.  3B) , which is longer than that of white matter (about 70 ms) (Stanisz et al., 2005) . The T 2 relaxation time of the background water was approximately 2 s, which is consistent with that of bulk water measured in other phantoms (Fieremans et al., 2008a) . Temporal SNR estimated using the Fig. 3 . T 1 , T 2 and SNR maps. Maps of (A) T 1 and (B) T 2 relaxation times throughout the phantom, and (C) temporal SNR map on the b ¼ 0 images. Note that the T 2 time of the background water was approximately 2 s and exceeded the upper limit of the color scale in (B). Fig. 2 . Flowchart outlining the analysis stream. Using the diffusion-weighted images (DWI) for the shortest diffusion time (Δ ¼ 20 ms), the spin distribution functions (SDFs) were reconstructed in each voxel using generalized q-sampling imaging (GQI), and the principal fiber directions (black arrow) were calculated for each SDF. Spherical harmonics expansion was performed for each shell of DWI data to determine the average signal perpendicular (dark green circle) and parallel to (gray arrows) the principal fiber direction (black arrow). A three-compartment model of intra-axonal, extra-axonal, and free water diffusion was fitted to the perpendicular signal to obtain estimates of restricted volume fraction and taxon diameter. 80 interleaved b ¼ 0 images (in the G max ¼ 300 mT/m dataset) was approximately 50 throughout most of the straight fibers (Fig. 3C) , with the most densely packed portions demonstrating lower SNR due to lower water content.
Simulations
The results of model fitting on the simulation data are summarized in Fig. 4 . Overall, our method yielded estimates of compartment size and restricted volume fraction that were consistent with the known simulated values. Specifically, the estimated cylinder diameter showed good agreement with known simulated values in the absence of noise, with a relatively higher uncertainty for small diameters (a ¼ 2 μm) and low restricted volume fraction (f r ¼ 0.1) (Fig. 4A) . At SNR ¼ 30, the estimated diameter showed similar trends, except that it tended to be overestimated for smaller diameters (a 4 μm), and the fitted values showed greater uncertainty at lower restricted volume fraction (f r ¼ 0.1) (Fig.  4B) . The estimated restricted volume fraction was in good agreement with the known values used to generate the simulated data for all diameters, volume fractions and SNR levels tested in the simulations (Fig.  4C, D) .
Phantom experiments
In experiments on the phantom, the estimates of compartment size and restricted volume fraction were largely consistent with the known construction of the phantom for the G max ¼ 300 mT/m dataset (Fig. 5) . The diameter estimates were fairly uniform throughout the phantom with a mean value of 12.2 μm and standard deviation of 0.9 μm, which were close to the actual ID of 11.8 μm (Fig. 5A) . The estimated restricted volume fraction also showed an expected decrease as the packing density decreased along the length of the fiber bundle. In the G max ¼ 80 mT/m experiments, the axon diameter was overestimated in general, and the fitting results yield much higher uncertainty compared to the G max ¼ 300 mT/m estimates.
In addition, the signal predicted by the model was compared to the measured signal perpendicular to the primary diffusion direction for different regions of interest representative of each packing density in the G max ¼ 300 mT/m dataset (Fig. 6 ). There were clear differences in the signal decays for different portions of the phantom corresponding to different packing densities. The signal model was derived for an ideal substrate of impermeable parallel cylinders and was able capture the trends in the experimental data without visible discrepancies between the measured and model-predicted signals, which supports the validity of our approach.
Discussion
In this study, we used a novel biomimetic brain diffusion phantom constructed with hollow polypropylene fibers to validate taxon diameter and density estimates obtained on the 3T CONNECTOM human MRI scanner. We leveraged the 300 mT/m gradient strength on the CON-NECTOM scanner and acquired a comprehensive diffusion-weighted MRI dataset that sampled four diffusion times and eight q-values per diffusion time. The results of our fitting show that our approach to compartment size and packing density estimation, which extends the AxCaliber approach to address arbitrary fiber orientations, provides estimates of compartment size and restricted volume fraction that are in good agreement with the known values in this phantom, indicating the validity of the approach.
We intend this phantom dataset to serve as a benchmark for validating other diffusion microstructural imaging methods, such as the White Matter Tract Integrity (WMTI) metrics (Fieremans et al., 2011) , CHARMED model (Assaf and Basser, 2005) , and Neurite Orientation Dispersion and Density Imaging method (NODDI) (Zhang et al., 2011) , among other diffusion microstructural models. Toward this goal, the data reported in this paper have been deposited in the XNAT Central database, https://central.xnat.org/(project ID: dMRI_Phant_MGH), which is accessible for users to download upon registration and approval of the data usage agreement. To the best of our knowledge, this is the first validation study of diffusion MRI metrics using a biomimetic phantom that provides diffusion properties analogous to both the intra-axonal and extra-axonal spaces on a human MRI scanner equipped with 300 mT/m gradients. Phantoms that primarily mimic the extra-axonal (Bach et al., 2014; Fieremans et al., 2008b; Fillard et al., 2011; Gatidis et al., 2014; Poupon et al., 2008; Pullens et al., 2010; Reischauer et al., 2009 ) and intra-axonal (Ebrahimi et al., 2010; Komlosh et al., 2011 Komlosh et al., , 2017 Yanasak and Allison, 2006) compartments have both been previously reported as promising in validating diffusion models, but none have incorporated both compartments simultaneously. Limitations of the current phantom include the thickness of the polypropylene walls and the relatively large ID (about 12 μm) used in the current prototype of the phantom compared to human axons, which are typically in the range of 0.25-10 μm (Alexander, 2008) .
Nevertheless, the design of hollow fibers separating the intra-taxonal water pool from the extra-taxonal pool captures the fundamental structure of myelinated axons and emulates the microstructural composition of white matter in the human brain.
The filaments in the taxon phantom were made of polypropylene, which is advantageous for several reasons. For one, the use of polymer fibers facilitates the construction of crossing fiber regions within the phantom, which is more difficult to achieve with materials such as glass. More importantly, synthetic polymers are thought to be one of the best candidate materials for water-filled diffusion phantom construction owing to the smaller susceptibility differences between polymers and water compared to materials such as glass (Fieremans et al., 2008a) . The internal field gradients caused by susceptibility differences between water and the fiber material are expected to yield an orientationally dependent signal loss with respect to the static magnetic field B 0 . Previous work by Fieremans et al. (Fieremans et al., 2008a) has shown that polymer materials (e.g., nylon) have minimal signal loss and B 0 dependence to the NMR signal caused by internal gradients. In this study, we were not able to measure the effect of susceptibility gradients properly because the size and shape of the phantom limited its placement in the receiver coil, such that the taxon fibers could only be placed perpendicular to the static magnetic field B 0 and not rotated to be more aligned with B 0 . Further experiments are needed to investigate susceptibility effects once the same taxon diffusion module can be packed into a smaller case. However, due to the use of polypropylene yarns similar to the material used by Fieremans et al., we anticipate minimal signal loss caused by this particular mechanism.
Differences in SNR from data acquired in the phantom compared to the in vivo scenario must be acknowledged. The longer T 2 relaxation time measured in the phantom water would lead to a higher SNR in the phantom imaging data compared to in vivo data. At the same time, the lower proton density in physical diffusion phantoms compared to the brain would yield a lower SNR, which would at least partially counterbalance the SNR increase due to longer T 2 . Differences in SNR may alter the robustness (e.g., variance) of the final fitting results, which should be considered in designing in vivo human experiments if pilot data were collected with physical phantoms.
The simulation results show that the G max ¼ 300 mT/m imaging protocol and analysis approach can resolve the compartment size represented in the fiber substrate of this diffusion phantom. Given that the diffusion times accessible on the CONNECTOM scanner with the currently available maximum slew rate of 200 T/m/s are on the order of 10 ms or greater, we would expect to be sensitive to mean diffusion displacements on the order of 6 μm or greater for a longitudinal diffusivity of 2.2 Â 10 À9 m 2 /s. We chose diffusion times of 20-50 ms for our experiments on this phantom to be sensitive to mean squared displacements of 9-15 μm, which encompassed the actual taxon diameter of 12 μm. Our simulations showed that the variance in diameter estimation for 2 μm with infinite SNR and a high packing density (f r ¼ 0.7) was greater than for the other diameters simulated up to 12 μm (Fig. 4) , which confirms that a lower bound to compartment size estimation does exist, and that 2 μm is below this lower bound. This finding is consistent with the projected resolution limit of axon diameter estimation at G max ¼ 300 mT/m from prior studies (Dyrby et al., 2013; Nilsson and Alexander, 2012; Nilsson et al., 2017) .
In the experiment with G max ¼ 300 mT/m, the voxel-wise estimates of taxon ID were fairly uniform between the 6 parallel fiber bundles of different sizes, and the value was close to the known ID of 11.8 μm. The restricted volume fraction estimates demonstrated an expected decrease corresponding to decreasing packing density along the length of the fiber bundle with increasing well size, with the caveat being that the actual restricted volume fraction was difficult to determine. The scanning electron micrographs shown in Fig. 1 appeared to overestimate the actual taxon separation due to splaying of the fibers when they were cut to produce the SEM images, and thus should be interpreted as a conservative representation of intra-taxonal volume fractions. The G max ¼ 80 mT/ m results indicate that the axon diameter was overestimated in general, and that the fitting results were less certain compared to the G max ¼ 300 mT/m estimates. Overall, our results with the G max ¼ 80 mT/ m dataset as acquired and analyzed here seemed to overestimate the actual taxon diameter, which was expected to be 12 μm, and support the use of high G max to improve the contrast and stability of axon diameter estimates, as suggested by Dyrby et al. (2013) and our previous work (Huang et al., 2015b) . There are some drawbacks to the acquisition chosen here for G max ¼ 80 mT/m, in that the protocol was purposely matched to the G max ¼ 300 mT/m protocol. The matching was done by lowering the maximum available gradient amplitude to 80 mT/m and adjusting the protocol to be otherwise as similar as possible to the G max ¼ 300mT/m protocol. This may not necessarily be an optimal acquisition scheme for G max ¼ 80 mT/m, i.e., the selection of q-values, diffusion times, and echo time could be further refined. We chose to match the two protocols for a basic illustration of the impact of scaling down the gradient strength, but we cannot simply conclude with this particular dataset that 80 mT/m is not adequate to resolve 12 μm inner diameter if a different model or acquisition strategy is used. Further investigations are needed to characterize the compartment size resolution achievable with different gradient strengths, such as those described in Nilsson et al. (2017) , which are beyond the scope of the current study.
The signal model used in this study assumed a single fiber bundle comprised of parallel fibers and would not be applicable to crossing fibers, which is a limitation of the current approach. It is an interesting and somewhat surprising finding that the axon diameter estimates in the crossing fiber region is close to the expected 12 μm, while the discrepancies were mainly manifest in underestimation of the restricted volume Fig. 6 . Diffusion signal decays in regions of interest (inset) with different packing densities along the length of the fiber bundle. The measured perpendicular signal was averaged across the three central slices within the ROIs illustrated in (A) and were plotted against q-value. The predicted signals using the threecompartment model were plotted as superimposed curves upon the experimental data points. There is a clear difference in signal decays between different portions of the phantom with different packing densities. The signal model fits the data well, indicating that the signal model used here does capture the trends in the experimental data without visible discrepancies between the measured data and model-predicted signals.
fraction. This result is reproducible using simulated data (not shown), and further investigations are needed for a better understanding of this phenomenon. In this paper, we chose to use the simplest possible model to explain the diameter estimates in parallel fiber portions of the phantom and anticipate addressing crossing fibers in future work.
The approach proposed in this study to estimate axon diameter is similar in spirit to ActiveAx, but it is important to point out that the two approaches still differ from each other in several aspects. In ActiveAx, all directions were included in the signal model for fitting, whereas our signal model focused on the perpendicular signal component only, which has the highest SNR and highest sensitivity to intra-and extra-taxonal diffusion differences (Drobnjak et al., 2016) . The ActiveAx signal model uses the tortuosity model to calculate the hindered diffusivity, whereas our signal model fits for hindered diffusivity simultaneously with axon diameter and compartment volume fractions. The ActiveAx imaging protocol samples only 4 "shells," which is a key feature of the optimized protocol, and the gradient duration δ was varied between shells, whereas our imaging protocol was based on the principle of extensive sampling of the available q-space with multiple diffusion times.
A major strength of the biomimetic brain phantom presented here is its flexible design. In future prototypes, the phantom construction will be refined by including taxons with a range of diameters that are closer in size to actual human axons. In fact, our current manufacturing capabilities have been expanded to construct taxons with inner diameter in the range of 0.3-4 μm. The manufacturing technique has also been modified to limit dispersion of the taxon fibers. Future iterations of the phantom may allow for selective filling of the intra-or extra-taxonal compartment with MR-invisible material such as paraffin or deuterated water, which will improve our understanding how each compartment contributes to the overall signal and aid in refining models of intra-and extra-axonal diffusion within white matter. It is also worth mentioning that the taxon modules can be equally suitable for preclinical scanners, once they are packed in smaller cases that can fit inside small-bore systems. Another limitation of the current phantom lies in the zero permeability of the taxon membrane, which is an assumption that may not hold in the presence of pathology (Nedjati-Gilani et al., 2017) . Further investigations are needed to explore phantom construction methods that incorporate variable membrane permeability as well as validation of methods for measuring permeability. Although the current prototype of the phantom is limited in a number of aspects, a great deal of flexibility exists in tailoring the construction of the taxon-based biomimetic diffusion phantom to facilitate the study of white matter microstructure from multiple perspectives.
In summary, we performed diffusion MRI experiments on a novel biomimetic phantom constructed of hollow polymer fibers on a human MRI scanner equipped with gradient strengths up to 300 mT/m. We comprehensively sampled q-space over a range of diffusion times and gradient strengths to estimate the inner diameter and volume fraction of the taxon fibers. Our results using G max ¼ 300 mT/m showed good agreement with the known construction of the phantom and provides supportive empirical evidence for the validity of our approach. The study demonstrates the importance of a biologically analogous phantom that can be applied to validate other diffusion microstructural imaging methods and be used for standardization of diffusion MRI protocols for neuroimaging research.
